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Promoters harbor the transcription start site (TSS) and various other sequences that control transcription initiation through the binding of trans-acting factors 1 . Various genome-wide methods have been developed to map endogenous promoter activity [2] [3] [4] [5] . These methods have identified tens of thousands of human promoters, often at nucleotide resolution, and have provided estimates of their relative activity in many cell types. A limitation of these maps is that they provide information about where the promoters are located, but not how their activity is controlled. Proximal sequences, distal enhancers, local chromatin context, and three-dimensional (3D) conformation of the genome may all contribute to promoter activity. There is currently no estimate of the relative importance of these factors. Large-scale perturbative approaches are needed to tackle this problem systematically.
One important perturbation strategy is to take sequence elements out of their native context in order to separate regulatory activities that are intrinsic to the underlying sequence from those that are extrinsic to it. Several highly multiplexed reporter assays have been developed for this purpose. One class of methods combines random barcodes located in the transcription unit with synthetic upstream promoter or enhancer sequences [6] [7] [8] [9] [10] [11] [12] . This approach is particularly suited to systematic mutagenesis of selected regulatory elements; however, both the length of the tested elements (~150 bp) and the level of multiplexing (10 4 -10 5 ) are limited by DNA synthesis technology. A variant approach uses mutagenized or randomly assembled small enhancer fragments of up to several hundred base pairs [13] [14] [15] , also with a multiplexing level of 10 4 -10 5 . A complementary strategy that uses shotgun cloning into a reporter plasmid was used to screen several hundred kilobases of genomic DNA for enhancer activity in mouse cells 16 . Furthermore, a cell-sorting strategy was used to screen nearly 10 5 random DNA fragments from nucleosome-depleted regions (which are likely to contain enhancers and promoters) for regulatory activity in mouse cells 17 . At substantially higher throughput, near-saturating coverage of the entire Drosophila genome was achieved with STARRseq 18, 19 . However, this approach is only suitable to detect enhancer activity and not promoter activity. Moreover, like all other methods reported so far, it has not been applied on a scale sufficient to cover entire mammalian genomes.
Here, we present SuRE, a method that overcomes some of these limitations. Instead of short synthetic promoter sequences, SuRE queries random genomic fragments ranging in size from 0.2 to 2 kb, which is long enough to include most elements that constitute fully functional promoters. Moreover, with SuRE it is possible to achieve a throughput of >10 8 fragments, which is sufficient to redundantly scan the entire human genome at an average base coverage of ~55-fold.
We demonstrate the feasibility of this approach in cultured human cells. SuRE data can be interpreted as maps of promoter 'autonomy' , that is, the degree to which sequences across the genome can act as promoters in the absence of other regulatory elements. Additionally, because each promoter is represented by many partially overlapping random fragments, it is possible to delineate the regions that contribute to its activity. We present a computational strategy for this purpose. The SuRE maps provide unique opportunities to gain new insights into the biology of human promoters and enhancers.
RESULTS

SuRE method and library preparation
The SuRE experimental strategy consists of three main steps ( Fig. 1a and Supplementary Fig. 1 ). First, genomic DNA is randomly Genome-wide mapping of autonomous promoter activity in human cells 1 4 6 VOLUME 35 NUMBER 2 FEBRUARY 2017 nature biotechnology A r t i c l e s fragmented and subjected to size selection to obtain 0.2-to 2-kb-long fragments. These are ligated en masse into a plasmid immediately upstream of a promoter-less transcription unit that contains a random 20-bp barcode near its 5′ end. High-throughput, paired-end sequencing of the resulting library associates each barcode with the genomic start and end positions and orientation of the corresponding fragment ( Supplementary Fig. 1 ). Finally, cultured cells are transiently transfected with the library, where the vast majority of plasmids remains episomal and hence is not subject to chromosomal position effects.
Only fragments that contain a functional promoter will drive transcription into barcoded mRNA. These barcodes are counted after reverse transcription, PCR amplification, and high-throughput sequencing. Using the barcode-to-fragment table, a genome-wide map of promoter activity can then be constructed (Fig. 1a) . We define activity detected in this way as 'autonomous' promoter activity (the reporter plasmid itself does not contain a promoter or any other regulatory elements).
We generated a human SuRE plasmid library with an estimated complexity of ~270 million unique genomic fragments. Of these, we were able to map ~150 million to their barcode, resulting in a 55-fold coverage of the human genome on average with 96% of the mappable genome covered at least 15-fold (Supplementary Fig. 2a) 45 ). Gray line shows linear fit. (f) Correlation between relative promoter autonomy and the total number of enhancers that are found in a fixed window of 5-50 kb from the TSS (regardless of the position of neighboring genes). The y-axis scale is the same as in e. The P-values in e,f refer to the P-value of the Pearson correlation.
A r t i c l e s As expected, the resulting SuRE activity map shows a pattern of peaks that overlap frequently with known TSSs and histone modifications marking active promoters, such as H3K4me3 and H3K27ac (Fig. 1b) . A peak detection algorithm 20 identified 55,453 SuRE peaks at an estimated false-discovery rate of 5% and with at least twofold enrichment of SuRE signal over background (Supplementary Data Set 1) . SuRE activity is enriched in previously annotated active promoters, and to a lesser degree in enhancers and certain repetitive elements (see below), but depleted in repressed ('Repr') or quiescent ('Quies') parts of the genome 21 ( Fig. 1c and Supplementary Fig. 2b ). Promoters and enhancers together explain 26% of the SuRE peaks (see below).
To verify these results, we repeated the SuRE experiments with a focused library derived from nine selected regions of the human genome 22 (Supplementary Table 1) , together spanning 1.3 Mb. This library had an average 212-fold coverage of the included base pairs. Owing to its lower complexity and higher coverage it yielded highly reproducible results (Pearson's r = 0.99; Supplementary Fig. 3a) . Within the regions probed by this focused library, 45 out of 50 peaks (90%) previously identified in the genome-wide SuRE data set also showed enriched signals in the focused SuRE data set ( Supplementary  Fig. 3b) . Similarly, out of 55 TSSs with a genome-wide SuRE enrichment of at least twofold, 53 (96%) showed enriched signals in the focused SuRE data set (Supplementary Fig. 3c ). This indicates that the false-discovery rate of genome-wide SuRE peaks is low. Finally, for 23 promoters we compared SuRE peak heights to signals obtained by conventional reporter assays with individually cloned constructs. This showed an overall r 2 = 0.73 (Supplementary Fig. 3d ).
Autonomous promoter activity explains a large fraction of the variance in gene expression
To determine to what extent the autonomous activity of known promoters correlates with their endogenous activity, we compared the genome-wide SuRE map to levels of engaged RNA polymerases just downstream of TSSs, as determined by the GRO-cap method 5 . We focused on a curated set (Online Methods) of 28,844 TSSs annotated by the GENCODE project 23 . Notably, SuRE and GRO-cap signals were substantially correlated (r 2 = 0.54; Fig. 1d ). Similar results were obtained when only comparing TSSs that showed expression in both SuRE and GRO-cap (r 2 = 0.43), and in a comparison with transcription activity detected by the CAGE method 21 (r 2 = 0.49; Supplementary Fig. 2d ). Thus, a substantial part of promoter activity is reproduced by sequence elements <2 kb from the TSS, that is, in the absence of distal enhancers, chromatin context, and 3D organization.
Promoters of widely expressed ('housekeeping') genes typically show more relative autonomy (i.e., SuRE signal divided by GROcap signal) than those of cell-type-specific genes (Fig. 1e) . Yet, we also identified many housekeeping promoters with a low level of promoter autonomy, for example, promoters of genes that encode histones (Supplementary Fig. 2e ). Relative promoter autonomy was inversely correlated with the number of enhancers near the promoters in the native genomic context (Fig. 1f) . This cannot be explained by differences in local gene density (Supplementary Fig. 2f ). These results support the notion that autonomous promoters as detected by SuRE are less dependent on distal enhancers than non-autonomous promoters.
Divergent transcription is generally autonomous
Endogenously, most human promoters drive divergent transcription, with stable transcripts produced in the sense orientation and unstable short transcripts originating upstream in the antisense orientation 3 . We expected that in SuRE this antisense transcription might be detected if a promoter was inserted in reverse orientation, as the transcript would be stabilized by the plasmid-encoded transcription unit. Indeed, SuRE detected extensive activity of promoters in the antisense direction (Fig. 2a-c) . The antisense activity was, on average, two-to threefold weaker but it correlated with the sense activity ( Fig. 2b-d ; r 2 = 0.48). We conclude that divergent transcription initiation is generally an autonomous feature of human promoters, and can be assayed by SuRE.
Delineation of promoter regions that drive autonomous transcription In SuRE, each promoter is represented by a series of partially overlapping fragments of different size and with different start and end positions. This offers the opportunity to identify critical sequence regions. For example, around the promoter of NUP214, multiple fragments that only include ~100 bp upstream of the annotated sense TSS showed high SuRE signals (Fig. 3a) , indicating that this region, together with the TSS, is sufficient to drive transcription autonomously. For a more quantitative analysis, we developed a generalized linear modeling (GLM) method based on Poisson statistics, which effectively deconvolves the SuRE data and identifies the promoter subregions that contribute most to the genome-wide autonomous transcription activity (Online Methods). When applied to NUP214, this confirmed that the proximal ~100 bp upstream of the TSS was primarily responsible for its autonomous activity (Fig. 3b) .
To understand which parts of human promoters are generally required for optimal autonomous transcription, we aggregated SuRE data according to the start and end positions of each query fragment relative to the nearest TSS (Fig. 3c , top triangle). Most activity was contributed by the core promoter and sequences within a few hundred bp upstream; inclusion of longer upstream regions, on average, did not increase reporter activity. Increasing the length of the sequence included downstream of the TSS tended to reduce reporter activity, which might, in part, be due to the inclusion of splice sites ( Supplementary Fig. 2j ) or other elements that are not compatible with the reporter design. Application of GLM to all promoters combined yielded a similar conclusion: significant contributions to sense transcription were primarily provided by the core promoter (h-j) GRO-cap expression and alternative transcripts (top panels) and contribution to autonomous promoter activity as in b (bottom panels) for the genes SLC50A1 (h), WDR47 (i), and HIST1H2BD (j). In all panels, sense orientation is depicted in blue and antisense orientation in red. Note for panels b, d, f-j: when interpreting these plots, it should be kept in mind that a fold-change per bp of 1.01 corresponds to a fold-change per 50 bp of (1.01) 50 = 1.6.
region itself and sequences up to ~200 bp upstream (Fig. 3d , blue curve). These analyses illustrate how SuRE data can be used to identify critical sequence regions within promoters, both individually and genome-wide.
Requirements for autonomous antisense transcription
Sequence motif analysis of antisense TSS regions has suggested the presence of an independent antisense core promoter that may be responsible for antisense transcription 5, 24, 25 . Indeed, two antisense core promoters were found to drive transcription autonomously in vitro 24 . On the other hand, it has been proposed that the sense and antisense core promoters function in a cooperative manner 25 .
To date, the functional interdependence of the sense and antisense core promoters has not been addressed through systematic deletion experiments. We therefore used the randomly overlapping fragment information as illustrated above to gain insight into the requirements for antisense transcription. Virtually all NUP214 fragments that showed antisense SuRE activity extended at least ~200 bp to include the annotated sense TSS, suggesting that the sense core promoter (here defined as −50 to +50 bp relative to the annotated TSS) is critical for antisense transcription (Fig. 3e) . GLM confirmed this conclusion and found no evidence that the antisense TSS subregion was needed for antisense transcription (Fig. 3f) . Indeed, genome-wide analysis showed that promoter fragments that included the forward core promoter generally exhibited the highest SuRE activity in antisense orientation (Fig. 3c, bottom triangle) . GLM applied to all promoters combined also indicated that antisense transcription was dependent on essentially the same sequence region (including the sense core promoter) as sense transcription (Fig. 3d,  red curve) . Analysis of a well-defined set of sense-antisense TSS pairs 5 ( Fig. 3g) underscored this general conclusion.
Inspection of raw SuRE data and GLM profiles of individual promoters covered by our focused library revealed several interesting examples of and exceptions to this general trend. For example, transcription from both the main sense and main antisense TSS of SLC50A1 required the same subregion located between them; however, an alternative sense TSS upstream and an additional antisense TSS downstream appeared to be non-autonomous, because no GLM signal was detectable at these sites (Fig. 3h) . In the WDR47 gene, antisense transcription did not require the antisense TSS subregion, but rather depended on a subregion that was also the primary driver of sense transcription, thus representing an example of the general trend (Fig. 3i) . Finally, the sense and antisense TSSs at the HIST1H2BD gene were each primarily driven by distinct local sequence elements (Fig. 3j) . Thus, exceptions exist to the general rule that antisense transcription is driven by sequence subregions nearby the sense TSS.
Relationship between CpG content and autonomous promoter activity Promoter regions in mammalian genomes often contain CpG islands, regions that have a relatively high ratio between the observed CpG dinucleotide density and the expected density, given the local C+G content 26 . CpG content has previously been linked to promoter activity 12, 27 . When binned by their observed and expected CpG density (Fig. 4a) , SuRE fragments around TSSs formed two distinct populations that could be separated by a ~50% observed/expected CpG ratio, consistent with a previous classification of promoters 27 . However, the relationship between SuRE expression level and CpG content for individual fragments took a different form (Fig. 4b) . Expression was highest when the observed and expected CpG density were equal, and decayed gradually with decreasing CpG observed/ expected ratio. Notably, this relationship was largely independent of the CpG density per se (i.e., the highest expression occurs along the diagonal in Fig. 4b ).
This result most likely reflects the evolutionary history of promoters. A low observed/expected CpG ratio is thought to be the result of conversion of methylated cytosine (which primarily occur in CpG dinucleotides) to thymine by deamination 28 . Our data suggest that autonomous promoters have been protected from this loss, presumably because they have remained consistently hypomethylated in the germline throughout evolution.
Enhancers act as autonomous promoters
In their native context, enhancers can also act as promoters, although the resulting transcripts (termed eRNAs) tend to be unstable 29, 30 . For a subset of enhancers, stimulus-induced eRNA production precedes mRNA transcription from the target promoters 31, 32 , suggesting that enhancers may be transcribed independently of their target promoter. On the other hand, significant correlations between physical promoter-enhancer interactions and the production of eRNAs have been reported 30, 31, 33 , and it has been shown that enhancer transcription can be dependent on the presence of the target promoter 34 . We therefore used our SuRE data to investigate to what degree transcription initiation from enhancers is autonomous. The locus control region (LCR) of the β-globin gene cluster, a potent multi-enhancer region 35 , showed several clear bi-directional SuRE signals (Fig. 5a) . Analysis of 47,020 predicted active enhancers in K562 cells 21 revealed SuRE signals for the majority (Fig. 5b,c) , although the overall level of activity was approximately tenfold lower than for promoters (cf. , Figs. 2a,d and  5c,d) . We conclude that eRNA production is generally autonomous, that is, it generally does not require interactions of the enhancer with its target promoter in cis. We cannot rule out that the transfected plasmids interact with their target promoters in trans 36 .
Notably, the ENCODE classification of enhancers as 'weak' or 'strong' 21 correlated with the strength of SuRE signals (P < 2.2 × 10 −16 , Wilcoxon test) (Fig. 5b,d) . SuRE signals also correlated positively with the endogenous levels of H3K27ac (Fig. 5e) , the histone modification most characteristic of active enhancers 37 . Furthermore, the ability of ~130-bp fragments derived from ENCODE-annotated enhancers to activate a minimal promoter in a previous reporter assay 38 A r t i c l e s for the same enhancers (Fig. 5f) . These results indicate that the level of autonomous transcription initiation from enhancers is related to enhancer strength.
Dissection of regulatory element interplay in the α-globin LCR
To further illustrate the value of SuRE for dissecting regulatory mechanisms, we used our focused SuRE library to analyze the α-globin locus, which harbors a locus control region that can activate several globin genes over a distance of >50 kb. The locus control region contains several separate enhancers known as R1-4. In mouse these enhancers work in an additive manner and no single element is critical for globin expression 39 . Treatment of K562 cells with hemin is known to increase expression of several of the genes in the α-globin locus 40 , which we confirmed by RT-qPCR (Fig. 5g) . Although R2 The bottom four tracks show SuRE enrichment before and after hemin induction for the plus strand (blue) and minus strand (red).
can be activated by hemin 41 , it is not known whether other elements in the region contribute to the response to hemin. Comparison of SuRE profiles obtained from hemin-treated and control cells (Fig. 5h) revealed that R2 was exclusively activated by hemin. This indicates that activation of the three genes occurs selectively via elevated activity of enhancer R2, without contributions of any of the other enhancer or promoter sequences. This example illustrates how SuRE may be used to identify key elements in dynamic regulatory mechanisms.
Autonomous promoter activity in repetitive elements ENCODE-annotated promoters and enhancers in K562 accounted for only 26% of the genome-wide SuRE peaks (Supplementary Fig. 2i ). Several families of repetitive elements showed significant (P < 0.01 after multiple testing correction) overlap with SuRE peaks, in particular, the ERVL-MaLR and ERV1 retrotransposons (Fig. 6a) , which accounted for another 19% of the peaks. Certain subfamilies within these families exhibited specific and high SuRE signals, for example, the LTR12C subfamily of solitary long terminal repeats (LTR; Fig. 6b,c) . For some repeat subfamilies (e.g., LTR12C), the average SuRE activity resembled that of promoters in terms of strength and directional bias, whereas for others (e.g., MER41B) the relatively weak signal and the balanced bidirectional activity were more reminiscent of those of enhancers (Fig. 6b,c) .
Note that technologies like CAGE and GRO-cap have difficulty mapping transcription initiation activity uniquely to specific repeat instances in the genome 42 , whereas SuRE maps are based on paired-end sequencing reads that generally include unique sequences flanking the repeat instances, yielding a much more detailed map of promoter activity in repetitive regions. For example, autonomous promoter activity could be unambiguously assigned to an LTR12C insertion in the β-globin locus (Fig. 5a) . In addition, GLM analysis of partially overlapping SuRE fragments, similar to what we applied to promoters (cf., Fig. 3d) , pinpointed the precise sequence regions that generally contribute to autonomous promoter activity across hundreds of LTR12C variants (Fig. 6d) . These data extend earlier analyses of single LTRs 43 and again indicate that essentially the same sequence elements contribute to sense and antisense transcription.
Sense-oriented run-on transcription 5 was detectable downstream of LTR12C insertions with high SuRE activity (Fig. 6e) . This was not found for insertions with low SuRE activity and not in the antisense direction ( Supplementary Fig. 4 ). This indicates that the autonomously active LTR12 copies drive downstream intergenic transcription in their endogenous context and may produce long non-coding RNAs.
Non-annotated SuRE peaks may be cryptic promoters Of the 55,453 SuRE peaks, only 45% were accounted for by ENCODEannotated promoters and enhancers or ERVL-MaLR and ERV1 retrotransposons. Of the 30,548 remaining 'unexplained' peaks, only 15% overlapped with a TSS or enhancer annotated in one of 889 cell sources assayed by the FANTOM project. The unexplained peaks, however, did show enrichment for epigenetic marks of promoter activity, such as H3K4me3 or DNase I hypersensitivity (Supplementary Fig. 5a,b) . Their average SuRE signal was substantially above background, while A r t i c l e s they produced almost no GRO-cap signal (Supplementary Fig. 5c,d) . These peaks may thus represent cryptic promoters that fail to initiate transcription in the native chromatin setting. One function of chromatin may be to suppress such cryptic promoter activity.
DISCUSSION
Our results show that SuRE can work as a high-throughput tool to functionally deconstruct large genomes and systematically identify elements that drive autonomous transcription activity. SuRE operates on a 100-to 1,000-fold larger scale than previous high-throughput promoter assays, sufficient to survey the entire human genome at >50× coverage. Furthermore, the partial overlap of the query fragments makes it possible to use the SuRE data as a massive "promoter truncation" experiment and delineate the minimal regions required for autonomous activity, both for individual promoters and genome-wide. Our GLM approach, which enhances the spatial resolution of SuRE by an order of magnitude, indicates that sequence elements that contribute to promoter autonomy are generally concentrated in regions <200 bp upstream of the TSS. The high density of regulatory information proximal to the TSS is in line with findings in yeast and Drosophila 10, 19 . Specific promoters may require additional elements further upstream; it is a matter of definition whether such elements should be considered as part of the promoter or as proximal enhancer elements.
With a minor modification of the reporter design ( Supplementary  Fig. 6 ), SuRE should also be suited to survey the entire human genome specifically for functional enhancer activity (i.e., the ability of genomic fragments to activate a cis-linked minimal promoter) with a similar throughput and coverage as described here. In conjunction with complementary functional genomics strategies [6] [7] [8] [9] [10] [12] [13] [14] [15] [16] [17] [18] 44 , this will help dissect the sequence determinants of promoter and enhancer activity, and unravel the complex interplay of the possibly more than one million regulatory elements in the human genome 21 .
METHODS
Methods, including statements of data availability and any associated accession codes and references, are available in the online version of the paper. 
ONLINE METHODS
SuRE library preparation. The SuRE vector was constructed using standard molecular biology techniques. It is based on a pSMART backbone (Addgene plasmid # 49157; a gift from James Thomson) and contains a green fluorescent protein (GFP) open reading frame followed by an SV40-derived polyadenylation signal (PAS). To generate a barcoded SuRE vector library, we digested 30 µg SuRE vector with NheI (#R0131; New England BioLabs (NEB)) and XcmI (#R0533; NEB) and performed a gel extraction on the vector. Barcodes were generated by performing 10 PCR reactions of 100 µl each containing 5 µl 10 µM primer 256JvA, 5 µl 10 µM primer 264JvA and 1 µl 0.1 µM template 254JvA (see Supplementary Table 2 for oligonucleotide sequences). A total of 14 PCR cycles (1 min at 96 °C, 14×(20 s at 96 °C, 20 s at 60 °C, 20 s at 72 °C), hold at 10 °C) were performed using MyTaq Red Mix (#BIO-25043; Bioline), yielding ~30-µg barcodes. Barcodes were purified by phenol-chloroform extraction and isopropanol precipitation, digested overnight with 80 units AvrII (#ER1561; Thermo Fischer) and purified using magnetic beads (#AC60050; GC Biotech). Vector and barcodes were then ligated in three reactions of 100 µl with each containing 5 µg digested SuRE vector and 5 µg digested barcodes, 20 units NheI (#R0131S; NEB), 20 units AvrII, 10 µl of 10× CutSmart buffer, 10 µl of 10 mM ATP, 10 units T4 DNA ligase (#10799009001 Roche). A cycle-ligation of six cycles was performed (10 min at 22 °C and 10 min at 37 °C), followed by 20 min heat-inactivation at 80 °C. The ligation reaction was purified by magnetic beads and digested with 40 units of XcmI (#R0533S; NEB) for 3 h, and size-selected by gel-extraction, yielding 5-10 µg of barcoded SuRE vector.
To insert genomic DNA into the barcoded vector, DNA was isolated from 40 million K562 cells and 250 µg was fragmented using NEBNext dsDNA Fragmentase (#M0348; NEB), size selected (0.5-2 kb) using gel-extraction (#11696505001; Roche), repaired using End-It DNA End-Repair Kit (#ER0720; Epicentre), and A-tailed using Klenow HC 3′→5′ exo − (#M0212L; NEB). We also obtained many smaller elements in the final library (Supplementary Fig. 2b ) presumably because size-selection is imperfect and smaller fragments preferentially contributed to the final plasmid library. Five µg of A-tailed genomic fragments were ligated with 5-µg barcoded SuRE vector in a 600-µl reaction using the Takara ligation kit v1.0 (#6021; Takara). The ligation product was purified by phenol-chloroform extraction and isopropanol precipitation and then digested in a 600-µl reaction with 60 units of Plasmid-Safe ATPDependent DNase (# E3101K; Epicentre) for 3 h to digest away any non-ligated vector, again purified by phenol-chloroform extraction and isopropanol precipitation, taken up in 20 µl water, purified with magnetic beads, and taken up in 20 µl water. This material was then electroporated into CloneCatcher DH5G electrocompetent Escherichia coli (#C810111; Genlantis) in four separate electroporations with each 5 µl of ligation product and 20 µl bacteria, each transferred to 500 ml standard Luria Broth (LB) plus kanamycin (50 µg/ml), grown overnight, and together purified using a GIGA plasmid purification kit (#10091; Qiagen), yielding ~10 mg of SuRE library. The choice of plasmid backbone and bacteria used for expanding the plasmid pool were key to obtaining a highly complex library with low bias in A/T content. This allowed us to achieve a sufficiently homogenous representation of the genome. This protocol, once established in the lab, takes about 5 d to complete. Day 1: preparation of vector and barcodes; day 2: ligation of barcodes onto vector, genomic DNA isolation and fragmentation; day 3: genomic DNA size-selection, repair and A-tailing, overnight ligation of barcoded vectors and A-tailed inserts; day 4: purification of ligation product and electroporation of library; day 5: GIGA plasmid purification. The typical yield of ~10 mg can be used for 50 transfections on 100 million cells.
Focused SuRE library.
In addition to the above genome-wide SuRE library, we also generated a library from nine pooled bacterial artificial chromosomes (BACs), collectively covering 1.3 Mb of the human genome (Supplementary Table 1 ). This library was prepared essentially the same way as the genomewide library except that size selection was performed for elements of 0.1-1 kb and that only 100 ng of barcoded vector was used with 100 ng of size-selected BAC inserts. The ligation product was phenol-chloroform purified, isopropanol precipitated, and taken up in 16 µl water. Four µl was electroporated into 20 µl bacteria and transferred to 250 ml LB plus kanamycin (50 µl/ml). This yielded an approximate library complexity of ~3 million unique clones, processing. Next, reads were aligned to the human genome reference sequence (hg19, including only chr1-22, chrX, chrY, chrM) using Bowtie2 (version 2.1.0) 48 , with a maximum insert length set to 4 kb. All read pairs not aligned as a 'proper pair' were excluded from further processing. The resulting bam files were converted to bedpe files using custom scripts. SuRE normalization. Data were processed using custom R scripts (https:// www.R-project.org). To normalize SuRE expression data, we first characterized the barcode frequencies in the plasmid library. More specifically, we digested 1 µg library with I-SceI (#R0694S; NEB) in 25 µl to linearize the plasmids, then performed two replicate PCRs each on 2 µl I-SceI digested material, using the same protocol as for the cDNA but for eight cycles. Because of the high complexity of the library (~270 million), the aim was not to get a quantitative readout for each barcode, but rather to identify potentially over-represented barcodes and/or regions of the genome and normalize for that (see below for validation). The PCR product was e-gel size-selected and subjected to single-read 50-bp high-throughput sequencing on an Illumina HiSeq2500 or HiSeq2000.
In total we obtained ~40 million reads per PCR replicate. From these reads barcode counts were determined using cutadapt version 1.2.1 (http://journal. embnet.org/index.php/embnetjournal/article/view/200) to remove the adaptor (GCTAGCTAACTATAACGGTCCTAAGGTAGCGAA) from the sequence. To determine genome-wide input coverage ('input') we took all fragments mapped in the iPCR step, initializing the read count to a pseudo-count of 1 for each. The barcode counts determined for the input plasmid libraries were then added to these initial counts.
Raw SuRE expression data were analyzed by counting barcodes in cDNA, discarding those not identified in the iPCR mapping. Barcodes with identical genomic positions accounted for 5% of the library and mostly corresponded to iPCR barcode read errors; input and cDNA counts for these fragments were aggregated. To obtain SuRE enrichment profiles, cDNA read numbers were normalized (to reads per billion), and genome-wide coverage was calculated and divided by a similarly generated genome-wide input coverage (i.e., 'input' normalized to reads per billion). Throughout the manuscript the combined data from the biological replicates were used unless indicated otherwise. We created BigWig files for the profiles thus obtained using the GenomicRanges package in BioConductor 49 .
Validation using the focused SuRE library. To assess if the sequencing depth for the input was sufficient we sequenced our focused BAC library input deeply and then by downsampling established that normalization by a deeply sequenced input (average = 10 reads per barcode) gave essentially the same result (r 2 = 0.98 for TSSs) as normalization by shallowly sequenced input (average = 0.1 read per barcode). This thus strongly suggests there are no large systematic differences in plasmid representation that affect our final results, presumably in large part because of the redundant representation of each part of the genome.
Furthermore, to assess systematic transfection biases, we used the focused library and compared pre-and post-transfection plasmid abundances. We found that coverage was highly similar between pre-and post-transfection libraries (r 2 = 0.98; Supplementary Fig. 3e ). In addition, in neither library was there any correlation between insert length and representation (data not shown), presumably because the typical insert size (~1,000 bp) represents only 25% of the total plasmid size. We conclude that the use of the pre-transfection library as input did not compromise the results.
Post-transfection plasmid extraction. Per replicate, 10 million cells were transfected with our focused SuRE library. After 24 h, cells were spun down, washed with PBS, spun down again, and taken up in 500 µl nuclear extraction buffer (10 mM NaCl, 2 mM MgCl, 10 mM Tris-HCl (pH 7.8), 5 mM DTT, 0.5% NP40). Cells were incubated on ice for 5 min, and nuclei were spun down at 7,000g and washed twice more with nuclear extraction buffer. The resulting pellet was taken up in 500 µl miniprep buffer 1 (#BIO-52057) and purified as two minipreps according to the manufacturer's protocol. Per replicate 5 µg was digested in 50 µl with 2.5 µl Sce-1 for 2 h, heat inactivated at 65 °C for 20 min and two PCRs with 2.5 µl of this material were amplified as described above to characterize the barcode frequencies in the pre-transfection plasmid library. For comparison, 1 µg of pre-transfection library was subjected to the same protocol from the Sce-1 digest onwards.
Annotations and data analysis. As a reference for transcription start sites (TSSs), we used GENCODE version 19 TSSs (downloaded from http://www. gencodegenes.org). We focused on TSSs located on chr1-22 or chrX. To filter out TSSs based on computational analysis for which no empirical evidence is available, we required them to be identified as being expressed in at least one of the samples assayed in the FANTOM5 phase 1 project 45 . The FANTOM5 phase 1 project profiled RNA expression using CAGE in 889 cell types, cell lines, and tissues, and used these data to identify 184,827 TSSs (intervals representing clusters of mapped 5′ ends of mRNAs). This intersection yielded a curated set of 28,844 GENCODE TSSs, which we refer to throughout the manuscript.
To assign an expression level to GENCODE TSSs, the BioConductor package CoverageView (version 1.4.0) was used to retrieve the mean SuRE or GRO-cap expression from the respective BigWig files for the interval ± 500 bp around the TSS, using either total expression or expression in the sense orientation as indicated. Thus, where an expression level is assigned to a TSS (i.e., in all density plots and scatter plots) the expression level represents the mean over a 1-kb region. Metaprofiles (e.g., Fig. 2a) were also generated using CoverageView, using 50-bp bins, except for the PRO-seq data in Figure 6e and Supplementary Figure 4 , which were generated using 1-kb bins because of the sparser nature of the data.
In log-transformed data representations on data sets that also contain zeros, such as the comparison of GRO-cap and SuRE at GENCODE TSSs in Figure 1d , a pseudo-count of half the minimal nonzero measurement was used to calculate correlations and visualize all values.
We used the FANTOM data to determine the tissue specificity of each TSS. We considered any (center of a) FANTOM phase 1 TSS that fell within 500 bp of the GENCODE TSS, retrieved the number of samples in which each was detected, and used the highest (i.e., least tissue specific) number. In the comparison of tissue specificity or proximal enhancers with promoter "autonomy", only endogenously active promoters (mean GRO-cap > 0.25), which were also detected in SuRE (SuRE > 0) were used (n = 13,815). In the analysis of the relation between relative promoter autonomy and enhancers, any enhancer (ENCODE state 'Enh') was considered that was within 5-50 kb on either side of the considered TSS and at least 5 kb away from any GENCODE TSS.
To assess the spatial profile of contribution to autonomous expression of successive intervals relative to the TSS (Fig. 3c) , we created a two-dimensional (2D) histogram by binning both the start and end position of each SuRE fragment in 100-bp increments. In this analysis, we only included GENCODE TSSs that were expressed in at least one tissue in FANTOM phase 1.
In the analyses of Figure 5b -d only those ENCODE chromatin states were used for which their center was at least 5 kb away from GENCODE TSSs in either direction ('Enh'; n = 18,257), 'EnhW'; n = 28,763, 'Quies'; n = 36,627). Heatmaps in Figures 2b,c and 5b were ordered based on the signal in the full 10-kb interval.
In the comparison of enhancer expression in SuRE with enhancer strength, we used all enhancer elements tested by the authors for which significant activity was found (~20%) using a comparison to a scrambled control 38 . In addition we required enhancers to be at least 3 kb (rather than 5 kb, in order to have a large enough sample) from a TSS (n = 189). For these, we compared enhancer activity (normalized CRE-seq signal using the Hsp68 minimal promoter) with SuRE activity over a window ± 500 bp from their center. For the single-locus analysis in Figure 3a ,e, only genomic fragments are shown that were detected in the cDNA. In Supplementary Figure 2e histone genes were indicated that contained 'HIST' in their name and to avoid redundancy, alternative TSSs were only plotted if they were at least 500 bp from the previous. For Supplementary  Figure 2a we focused on the mappable part of the genome, which we obtained by concatenating all adjacent 36-mer mappable regions from ENCODE (wgEncodeCrgMapabilityAlign36mer.bw). Figures 3b,d,f,h-j and 6d , we used the R package glmnet (http://CRAN.R-project.org/package=glmnet) to fit an elastic net Poisson log-linear regression model to SuRE counts, based on a design matrix indicating, for each consecutive 50-bp genomic window, the fraction of bases in that window included in the SuRE fragment. Elastic net combines LASSO regression (penalty on absolute value of the coefficients) and ridge regression (penalty on the square of the coefficients). Together they reduce overfitting of the bin coefficients that can result from the high multicollinearity of adjacent bins. To avoid bias due to the specific choice of bin positions, we performed this fit for all 50 possible ways of positioning the windows relative to the TSS, and then assigned to each base pair in the genome the average of the regression coefficients for all 50 windows containing it, one from each fit, resulting in a smooth curve. Equal ridge and LASSO penalties were used for all regressions (α = 0.5). A log(λ) value of 0 was used for NUP214, −1.5 for the BAC, LTR12C, and whole-genome regressions. For Figure 3g , we used stable/unstable peak pairs identified in K562 GRO-cap 5 , assigning stable peaks to the sense strand and unstable peaks to the antisense strand. TSS positions correspond to the center of each peak. LTR12C positions were determined via global pairwise alignment of RepeatMasker-annotated genomic LTR12C sequences to the Dfam consensus sequence 50 .
Penalized generalized linear modeling. To create
Data sources.
• As a reference for transcription start sites (TSSs) we used GENCODE 23 
